When an averaging method is used for model future projection with weights determined according to the model performance in the present climate, generally, the stationarity of the model performance between present and future is implicitly assumed. Here we investigate this assumption using multi-model data. We consider the correlation between inter-model similarities in the spatial pattern for the present-day climate and future climate change for surface air temperature, precipitation and sea level pressure on global and zonal domains in the seasonal time scale. We further extend previous work by devising a bootstrap method to estimate the statistical significance of all correlations, which have previously not been estimated. Most of the correlation coefficients for precipitation were significant, but moderate or low in the absolute value. Many of those for the other variables were not significant. Also, we discuss the magnitude of the inter-model similarity used in this work.
Introduction
There have been a number of climate change impact studies where multi-model climate change projections have been weighted according to how well the models simulate the present-day climate (e.g., Mearns 2002, 2003; Murphy et al. 2004; Tebaldi et al. 2004 Tebaldi et al. , 2005 Annan et al. 2005; Piani et al. 2005; Nohara et al. 2006) . Using a weighted average could provide a better projection than a uniform average of multi-model projections (Min and Hense 2006) . However, actually there is no widely accepted measures for assessing climate model performances as whole, and also it is unclear how performance against the observations translates into future simulations (R ais anen et al. 2005; Tebaldi and Knutti 2007) . The geographical pattern of climate variables should be a key factor for quantifying performance of three dimensional climate models, in addition to the magnitude of global mean in any variable such as global mean in surface air temperature. A pattern similarity statistic is an objective assessment of the model's geographical performance against observations, and may be used to define a weight for a multimodel average (e.g., Nohara et al. 2006) . The main assumption governing the use of weights is that of stationarity of the relationship between observed and simulated climate, estimated in the 20th century and applied to future simulations. However, a direct assessment of future model performance is, of course, not possible as there are no observations of the future climate, and there is no consensus as yet as to the best way to evaluate future climate change projections.
There is a need for an objective method for demonstrating the relevance of a given test of current climate of a model to the reliability of the model's enhanced greenhouse response.
Recently, to demonstrate the relevance of particular tests of the present-day model performance to the reliability of the enhanced greenhouse gas response at the regional scale, Whetton et al. (2007) (hereafter W07) tested whether the similarity in the present-day model climate could account for the similarity in the model's enhanced greenhouse gas response in the multi-model space. W07 found correlations of moderate magnitude to be a common occurrence, suggesting that assessment of the present regional climate simulation of models may be valuable. Their approach is based on recognizing the correspondence between the two concepts; that if models which are more similar to one another for the present climate also have more similar responses to greenhouse gas forcing, then models which are more similar to the real climate can be expected to have more similar responses to the real world under greenhouse gas forcing. Because the first concept is directly testable using a multimodel-space, although the second is not, they investigated the correlation as the first step of the approach. Then, they expect tests with the most discriminating power in the multi-model space would be selected for testing models against observations.
In this paper, to better understand the connection between present-day model performance and future climate change projection in the multi-model space, we use a similar approach to W07 to investigate further the similarities in the spatial patterns of different model runs of both present and future climates, where the future climate change is represented by a response to increase greenhouse gases. In W07, future climate changes were normalized by global mean change in surface air temperature, so the correlations between the similarity of different models in both patterns of present regional climate and patterns of regional enhanced greenhouse response did not consider differences in magnitude of global average warming response among models. In this study, the future climate change is not normalized by global mean change in surface air temperature, in order to consider the spatial response pattern including the differences in magnitude of global average warming response. In addition, our target is larger-scale mean climate, rather than regional-scale. We also investigate the degree to which the similarities between the models agree for the two modelled climate states, by correlating the present similarities with the future similarities. After obtaining the correlations between the present and future similarities, we test their significance with a bootstrap method, extending the work of W07 which did not attempt this. Also, we show scatter plots of two example cases to compare the future similarities with the present similarities, discussing the implications for weighting methods where it was assumed that future climate change could be tightly constrained by the present climate model performance. 
Data
In this study, 21 GCM model simulations forced with SRES A1B emission scenario (Meehl et al. 2007b) were chosen as the future climate projection, and the '20th Century Climate in Coupled Model' (20C3M) simulations were used as the present climate (Meehl et al. 2007a) . The selected models appropriate to this study are BCCR-BCM2.0, CGCM3.1(T47), CGCM3.1(T63), CNRM-CM3, CSIRO-Mk3.5, GFDL-CM2.0, GFDL-CM2.1, GISS-AOM, GISS-EH, GISS-ER, UKMO-HadCM3, UKMO-HadGEM1, INM-CM3.0, IPSL-CM4.0, MIROC3.2(hires), MIROC3.2 (medres), ECHOG-G, ECHAM5/MPI-OM, MRI-CGCM 2.3.2, CCSM3, and PCM (web site: WCRP CMIP3 multimodel database; see http://www.pcmdi.llnl.gov/ipcc/ about_ipcc.php). All the model data is linearly interpolated to a spatial resolution of 2.5°× 2.5°. The variables used in this study are precipitation (PRCP), surface air temperature (T2), and sea level pressure (SLP). We define the present mean climate for each variable as its average for 1981 2000, and the future climate change is defined to be the difference between the average for 2081 2100 and 1981 2000. For some models, the final year in these intervals was not available, in which case intervals of 19 years were used.
We used reanalysis T2 and SLP from ERA-40 (Uppala et al. 2005 ) and monthly mean precipitation data produced by GPCP (Adler et al. 2003) for the same period (1981 2000) to represent present-day observed climate with global coverage.
Method
A variety of distance functions, or "metrics", have been proposed for evaluating the performance of climate models in comparison to recent observational data (e.g., Watterson 1996; Taylor 2001; Gleckler et al. 2008 ). Here we use these same metrics to measure the similarity of pairs of climate models. The M statistic of Watterson (1996) , which combines the pattern correlation coefficient and root mean square error, was used and abbreviated as M. We also calculated the centred pattern correlation coefficient, which is called R hereafter. Thirdly, with a similar way to calculation of the Climate Prediction Index (CPI) in Murphy et al. (2004) , we normalized the root mean square error by mean of the spatial average of the modelled interannual standard deviation in a model pair to uniform units of the statistic and we call this statistic RMS. From 21 climate models it is possible to pick 210 different pairs. For each pair, we calculated the similarity between the two models for annual and seasonal (MAM, JJA, SON, and DJF) mean in present climate and future climate change, to investigate how the metrics vary between seasons. The metrics for global (GLB) and four zonal domains (northern high latitudes, NH: 75 45°N, northern mid-latitudes, NM: 45 15°N, equatorial region EQ: 15°N 15°S, and southern mid-latitudes, SM: 15 45°S ), were calculated to examine the variation of the metrics between different zonal bands.
After calculating the metrics, we calculated the correlation coefficients between the present and future metrics, calling this correlation coefficient the "presentfuture correlation coefficient" for convenience. Correlations for combinations between the same variables, domains and seasons were assessed in this study, because we wanted initially to evaluate correlations between the same variables, which we expected to be generally stronger than more distant relationships.
We applied a simple bootstrap method to test the statistical significance of the present-future correlation coefficient, since the effective number of degrees of freedom is difficult to determine because there will be dependence among the 210 model pairs (W07; Jun et al. 2008) . There are 21 model samples for both the present climate and the future changes. In the set of 21 original (true) models, the future change is related to the present climate since both the future change and the present climate were simulated by the same model. From these samples, we generated the set of 21 pseudo-models where the future change is unrelated to the present climate by splicing the 21st century projections to randomly reordered 20th century simulations. Based on each set of 21 pseudo-models, we calculated the intermodel metrics for present climate and future projection in the same way as for the original models, and then obtained the present-future correlation coefficient for the pseudo-models. The bootstrap replication number is 10,000, for each of which we generated a different set of pseudo-models. From this set of replicates, the mean present-future correlation coefficient was almost zero. When the present-future correlation coefficient for the real models is taken to differ significantly from zero at the 95% level according to this null distribution, we describe the present-future correlation coefficient as significant. In addition to the statistical significance, we also consider the magnitude of the coefficients, which we describe as low, moderate, and high according to the ranges 0 0.3, 0.3 0.7 and 0.7 1 respectively. Figure 1 shows the present-future correlation coefficients for all the domains in DJF and JJA. A black mark means the coefficient is not statistically significant at the 95% level. As the present-future correlation coefficients vary according to domain, season, variables, and the metrics used (those in other seasons are shown in Supplement 1), it would be difficult to recommend a single combination of these as a metric for comprehensive assessment of the present-future relation. Thus, we have to understand what it is that the statistic evaluates in the model and apply the statistics appropriate for each particular purpose.
Results and discussions
For PRCP, the present-future correlations in most domains are significant, but either moderate in magnitude, or low. Over all three metrics, the present-future correlation coefficients in GLB and EQ in DJF and JJA are moderate. The present-future correlation in JJA PRCP for the NH is quite different from that in DJF. For tropical precipitation this study obtained a moderately strong correlation in contrast to the low correlation of Fig. 1 . The present-future correlation coefficients of the intermodel metrics (inter-model similarities) in future climate change projection with those in present climate on defined domains for December February (DJF) and June August (JJA). Top, middle and bottom figures show that in cases with a) Mstatistic, b) centred pattern correlation (R) and c) normalized RMS errors, respectively. Triangle, circle, and star are for temperature (T2), mean sea level pressure (SLP), and precipitation (PRCP), respectively. The red, green, and blue marks indicate significant coefficients, but black marks not-significant coefficients.
W07. To check further an effect of using precipitation change in mm day 1 on this contrast, the present-future correlation coefficient with M was calculated with percent change of precipitation in future. The correlation coefficients on tropical precipitation in JJA and SON are significantly moderate. Therefore, using of precipitation change in mm day 1 does not strongly affect the contrast between results in this study and W07. Further, in this study the analysis is made over larger spatial scales than in W07, meaning that the metrics should be dominated by similarity of the large-scale features such as the Intertropical Convergence Zone (ITCZ). Our results therefore suggest that the zonal scale analysis of modeled present-day precipitation may be more useful for assessing the future performance of models than the analysis on the smaller regional scales.
For T2, present-future correlations for GLB and NH in DJF are significant and moderate. In JJA, for M and R, the GLB and NH also have significant moderate coefficients. In NH, the future change similarity in the spatial pattern of T2 is strongly related to the similarity in the current spatial pattern of T2. This result is consistent with the results in the northern high-latitude region in W07. So, as surface albedo feedback is particularly critical for climate change prediction in the northern hemisphere (e.g., Winton 2006) , the predicted future climate in NH may be sensitive to the present-day spatial pattern of surface temperature depending on land process including snow amount and its seasonality and expression of sea ice. For SLP most of the presentfuture correlation coefficients are not statistically significant for the three metrics, although there are a few cases where there are significant correlations of low or moderate strength.
Since we did not normalize the model results by the global climate change, we expect the effect of the global climate change to enter into the RMS statistic, but not into R: The centred pattern correlation, R, is a measure of the similarity of the spatial pattern of variable fields rather than of the domain-mean, but the root mean square error, RMS, is very sensitive to differences in the domain-mean. To analyse this further, we calculated the correlation of the present and future metrics with the future domain-mean difference. As expected, for RMS there are strong correlations between the future change metrics and the future domain-mean differences, particularly for T2 and SLP, but much lower correlations for the R statistic. However, neither the present-future correlation coefficients nor the present-day metrics show much correlation with the future domain-mean difference (see Supplement 2). Therefore, the future climate sensitivity difference cannot be estimated from the present-day metrics for T2 and SLP. On the other hand, for precipitation, such a relation was not clear. Further research is needed.
We give here examples showing scatter plots of the present and future metrics for two cases where the present-future correlations were statistically significant for all metrics, according to our bootstrap method. Figures  2a c and 2d f show the metrics for JJA PRCP in EQ and DJF T2 in NH, respectively. The blue dots in the figures indicate present-day model performances of each model, which were defined as the similarity to the observations (GPCP in Figs. 2a c and ERA40 in Figs. 2d f) . The present-future correlation coefficients in both R and RMS for JJA PRCP in EQ are similar at 0.52 and 0.50, respectively (Figs. 2b c) . The regression coefficients are, however, rather different at 0.69 and 0.18, respectively. In R for DJF T2 in NH, the present-future correlation coefficient is 0.60, and the regression coefficient is 3.73, much larger than in M or RMS, where the regression coefficients are below 1.0. The difference between the correlation coefficient and the regression coefficient depends on the relative variance of the metrics for the present and future. The cases with larger regression coefficients indicate that future model performance is strongly dependent on the present-day model. A small regression coefficient indicates that improvements in the current model performance alone are unlikely to result in substantial changes in the reliability of projection. Therefore, not only correlation but also regression of the future change metrics with the present metrics may be useful indicators of model performance.
The current model performances compared to the observations in every case are within the same range as the present inter-model metrics. Therefore, the presentfuture relations among models may also provide useful information for evaluating the actual reliability of future climate change prediction.
Models are routinely verified using the present day climate, so it is expected that, as we have found, the present-day metrics in R and M are all higher than the future metrics, probably due to tuning with the observations for better simulation of the present-day climate ( Fig. 2 and Supplement 3) . However, direct comparison in RMS metric between the present and the future is difficult due to the normalization method applied in this study. In addition, the magnitude of the future metrics can provide a guide as to the likely reliability of model predictions. For example, even though there is a clear positive correlation in Fig. 2b , the future change metrics in R are all rather low (around 0.2). If all the models substantially disagree with each other and we have no method for choosing the best one, we cannot possibly believe now that a specific one of them is good. Therefore uncertainty concerning this aspect of future climate change is high, and it is unlikely that any of these models can be considered reliable as a predictor of precipitation changes in this region. In contrast, Fig. 2e indicates a much higher reliability for temperature change patterns, with a future R-statistic of at least 0.6 even for the worst models, due to greater similarity among models in temperature response pattern than other variables. In this case predictions of temperature change patterns may already be considered reasonably robust, even though the present-future correlation suggests that further model improvement can be expected to lead to even better results.
Summary
To assess the assumption of the stationarity of the model performance between present and future and also to reveal or better understand the statistical relationships between climate change projection and climate model performance, we investigated correlations between inter-model similarities in future climate change projection and the present-day mean climate, based on a similar approach to that in W07. Since the effective number of degrees of freedom is not clear in this study, as also mentioned by W07, we tested the significance of the present-future correlation coefficient using a bootstrap method. Most of the present-future correlation coefficients for precipitation were significant, but moderate or low in absolute value. In the tropics, particularly, the present-day metrics for precipitation may be indicative of the reliability of future change prediction of precipitation. In contrast, W07 did not achieve a strong result for precipitation in the tropics. We suggest that the difference in the results may be due to this analysis considering larger spatial scales. The present-future correlations for surface temperature are mostly moderate and significant in northern high-latitudes, lower and less reliably significant in mid-northern latitudes and even lower and not significant in other parts of the globe, while the sea level pressure results were mostly low and not significant everywhere.
There are more cases with significant correlation coefficient in M and R rather than in RMS. On the other hand, in R, although a lot of cases with significant correlation were seen, there is a concern that R can measure only similarity in the spatial amplification pattern. Thus, a metric using the M statistic could be suitable for further investigation about a relation between present model performance and future model performance with the inter-model similarities. In addition to the presentfuture correlation coefficient, the regression coefficient also may be a useful indicator of the present-future relationship. However, for some cases, despite significant correlations of good strength, the future metrics were very low across all model pairs, meaning that little information about the future climate could be obtained from the metric. We are, therefore, doubtful whether future projections can be tightly constrained using only the simple model performance presented here for the present-day climate.
